The content in online communities has become strategically important that the identification of the influential members can benefit all in developing business opportunities, forging political agendas, discussing social and societal issues, and can lead to many interesting innovative applications. Among social networking websites, one of the most important is Twitter. We are interested in identifying the topic-specific influential members in Twitter. Influence of a user may be determined by many factors. The objective of the study is to identify the factors that play a crucial role in the measurement of a Twitter user's influence, examine how the different factors impact the influence ranking and how these factors can be expressed in a mathematical model. We devise a model to score the strength of a user's influence using basic user features collected for a group of users discussing a common issue. We then validate our results using Klout as a reference point, and then further verify our ranking of the users by manual evaluation.
Introduction
The notion of influence has long been studied in many fields. Social Influence can be described as power; the ability of a person to influence the thoughts or actions of others. It plays a vital role in how businesses operate and how society functions. In a real-world community, people tend to consult others when they are about to make a decision. Similarly, online social networks are a virtual world where the users ask and listen to the opinions of fellow users on various aspects of life and are influenced by others in their decision-making [3] . The content created and consumed in online communities has become strategically important that the identification of the influential members can benefit all in developing business opportunities, forging political agendas, discussing social and societal issues, and can lead to many interesting innovative applications [1] .
The explosive growth of social media has provided people the opportunity to create and share content on a scale barely imaginable a few years ago. Among social networking websites, one of the most important is Twitter. It has been extensively used in various fields as an easy, fast and convenient information sharing tool, and has thus drawn increasing interests from both the industry and research community. Typically, users will tweet of topics that interest them. This may be related to their work, a hobby, or a mixture of multiple areas. These tweets are generally posted with the idea that they will be useful or interesting for some of their followers as well as an attempt to attract more followers. Twitter is also used as a means to contact friends and to get assistance and opinions on topics from anywhere at any time [14] .The new self awareness of the information society has lead to the fact that more and more users connect online in social networks in order to exchange opinions. They interact with each other and influence each other's opinions [5] .It has strongly influenced the way we communicate, and live and for many people, Twitter has become a part of their everyday lives.
Since influential members in a virtual community, such as Twitter, have impact on the fellow users, and since Twitter users generally have different expertise and/or interests in various topics, their influence will vary in different topics, we are interested in identifying the topicspecific influential members in Twitter. Influence of a user is determined by many factors, such as the novelty and resonance of their messages with those of their followers and the quality and frequency of the content they generate. The objective of the study is to identify the factors that play a crucial role in the measurement of a Twitter user's influence, examine how the different factors impact the influence ranking and how these factors can be expressed in a mathematical model. The rest of this paper is organized as follows: Section 2 reviews the approaches covered in the literature for identifying influential members in online social networks. Section 3 talks about the proposed approach, including the tools and methods used. Section 4 shows the preliminary experimentations carried out and the results produced. Finally, in section 5, we will conclude the paper and propose possible future work.
2.

Related Works
Automatically detecting influential members on online social networks has recently received great attention from both research and industry. However, the tools for measuring are still maturing and there is still no clear agreement over what to measure. In this section, we briefly review some of the approaches studied for the identification of influential members in an online social network. We first discuss the importance of influence and highlight some of the features used to define an influential member. After that, we lay out some of the approaches carried out for measuring users' influence. The Pareto principal [10] exists almost everywhere. This is also the case for many social networks where there exists the two types of users; those that exhibit different influence and different behavior. For instance, it has been shown by [16] that less than 1% of the Twitter users (e.g. entertainers, politicians, writers) produce 50% percent of its content, while the others (e.g. fans, followers, readers) have much less influence and completely different social behavior [15] .
The search for influential members boils down to the question of how to define an influential member. Following [8] , one is influential if they are recognized by fellow citizens, can generate follow-up activities, have novel perspectives or ideas, and are often eloquent. In [1] they set forth an initial set of intuitive properties that can be approximated by some collectable statistics. The same concept and some of the properties were also used by [3] . The properties are recognition, activity generation, novelty and eloquence.
• Recognition -An influential blog post is recognized by many. This can be equated to the case that an influential post is often referenced. The concept is much like that in Web ranking algorithms like PageRank and hyperlinkinduced topic search (HITS), where links are used to convey authority.
• Activity Generation -A blog post's capability of generating activity can be indirectly measured by how many comments it receives the amount of discussion it initiates. The number of comments indicates that the post affects many such that they care to write comments, and therefore, the post can be influential.
• Novelty -Novel ideas exert more influence as suggested in [8] .
• Eloquence -An influential is often eloquent [8] .There are many measures that quantify the goodness of a post such as fluency, rhetoric skills, vocabulary usage, and content analysis. This property is most difficult to approximate using some statistics. The length of a post was used in [1] and [3] as a heuristic measure for checking if a post is influential or not. The blog post length was found to be positively correlated with number of comments, which means longer posts are likely to cause stronger reactions from the readers than shorter ones. The above four form an initial set of properties possessed by an influential post. It is evident that each of the properties may not be sufficient on its own, and they should be used jointly in identifying influential bloggers. In [3] it states that an influential user would be recognized as such if they have several influential posts recently, or if the posts have had an impact recently. Findings by [18] , however, indicate that in small communities, members' activities and the date they joined are of importance; the earlier they join and the more active they are, the more likely they will be considered as leaders. In addition to user activity and connectivity, linguistic features can be used to identify influential members. Different types of individuals use language differently in their posts. In [11] they studied the use of language and have found that it is linked to social influence. They have found that language, with its vocabulary and prescribed ways of communicating, is a symbolic resource that can be used to influence others on Twitter; that influence partly depends on the linguistic qualities that reflect one's personality and mood. There is another observation evident by the analysis presented in [1] and [18] , that many of the influential users were also active, i.e., productive. Although productivity and influence do not coincide, there is a strong relation between them [1] .
Some might consider interpreting a Twitter user's influence as the number of followers they have. The more followers, the more impact the user has in the Twitter context. However, this is not considered a good indicator of influence. In a dataset prepared for the study in [15] , it was observed that 72.4% of the users follow more than 80% of their followers, and that 80.5% of the users have 80% of their friends follow them back. Reciprocity in the "following" relationships is prevalent in Twitter. In Twitter, empirical evidence supports that the idea that influencers are not accidental, but rather individuals who exhibit specific behaviors. In [6] they describe influencers as individuals who keep great personal involvement and who limit their tweets to a single topic, and can thus be identified. In [12] they found that influencers are highlyactive users and consequently defined a new influence measure based on user activity. All this goes to show that influence on Twitter is not gained spontaneously or accidentally but strongly depends on audience engagement and user involvement [11] . Focusing on an individual's potential to lead others to engage in a certain act, in [6] they highlighted three "interpersonal" activities on Twitter. Users interact by following updates of people who post interesting tweets. Users can pass along, by retweeting, interesting pieces of information to their followers. Finally, users can respond to, or comment on, other people's tweets, which is called mentioning. These three activities represent the different types of influence of a person. The number of followers of a user directly indicates the size of the audience for that user. The number of retweets indicates the ability of that user to generate content with pass-along value. The number of mentions containing one's name indicates the ability of that user to engage others in a conversation. The top users, based on each measure, showed a strong correlation in their tweet influence and mention influence. The number of followers, however, was not related to the other measures. In [6] they concluded that the most connected users are not necessarily the most influential when it came to engaging one's audience in conversations and having one's message spread.
In Twitter, several networks emerge from the user interactions enabled by the Twitter features. There are many key figures in the field of Social Network Analysis (SNA) which describe the position and communication habits of users to analyze the user interaction network in order to find influential users. In [13] it mentioned a few of the common concepts in SNA, the most important of which are Power and Centrality. Power is an important concept in social network analysis. Social scientists measure power from the perspective of "relationship" and have given it many different formal definitions. Social network analysts tend to use "centrality" to express the concept of power. Centrality tells what central role a person or organization plays in a social network. Through social network centrality analysis it is easy to find the core member in the network and relatively important members. Three different figures are common: degree centrality, closeness centrality and betweenness centrality. Having obtained the link relationships between the members of the blogosphere, [13] used Social Network Analysis to explore the structural features of the blogosphere and the behavioral patterns of its members.
Similar work, using SNA on online social networks, was also carried out by [5] to detect opinion leaders and opinion trends, [7] to study the topology characteristics and features of blogosphere, [4] for ranking the most influential users on Twitter based on a combination of the user position in the network topology, the polarity of that user's opinions and the textual quality of the tweets, [9] to understand complex health networks in social media, and [17] to analyze a political blog community in order to find the core group members.
Many models and algorithms were also proposed to detect the influential members in a social network. In [1] they were one of the first to propose a model attempting to quantify an influential blogger. They suggested that an intuitive way of defining an influential blogger is to check if the blogger has any influential posts. They proposed a preliminary model, using an initial set of intuitive properties supposedly possessed by an influential post, which allows for evaluating different key measures for identifying the influential members. The set of properties; recognition, activity generation, novelty and eloquence, are extracted from the post and used jointly to calculate an influence score. However, in [2] they argued that isolating a single post to identify whether a blogger is influential or not is an over simplistic approach. They think that the productivity of a blogger is a significant issue that has been overlooked by the model of [1] . They argued that the model ignored what they considered to be one of the most important factors: The temporal dimension. Virtual social networks are rapidly changing environments, in a manner that a blogger who would currently be considered as an influential, is not guaranteed to remain influential in the future. An effective model should take into consideration the age of a post and also the age of incoming links to that post, in order to be able to identify the now influencers. Motivated by these observations, in [2] they propose two easily computed blogger ranking methods, which incorporate temporal aspects of the blogging activity. The first metric, termed MEIBI (Metric for Evaluating and Identifying a Blogger's Influence) takes into consideration the number of the blog post's incoming links and its comments, along with the publication date of the post. On the other hand, an old post may still be influential. This could be deduced by examining the age of the incoming links to this post. And so, the second metric, MEIBIX (MEIBI eXtended), is used to score a blog post according to the number and age of the blog post's incoming links and its comments. In [3] they then investigated the issue of identifying bloggers who are both productive and influential by introducing the blogger's productivity index and blogger's influence index. They identified a few factors that play a crucial role in the measurement of a blogger's influence and proposed two time-aware metrics. For the metrics proposed, they considered both the temporal and productivity aspects of the blogger's behavior, along with the inter-linkage among the posts. In [12] they added that it is important to also take into consideration the passivity of members of the network. The passivity of some users provides a barrier to the information propagation, which is often difficult to overcome. In [12] they proposed an algorithm that determines the influence and passivity of users based on their information forwarding activity. The passivity of a user is a measure of how difficult it is for others to influence him, and the influence of a user depends on both the quantity and the quality of the audience, or followers and friends.
PageRank inspired algorithms have also been proposed, motivated by the idea that the influence of a Twitter user can be interpreted similar to the "authority" of a webpage; a Twitter user has high influence if the influence of their followers is high, at the same time, their influence on each follower is determined by the relative amount of content the follower receives from them. In [18] they introduced the concept of Opinion Networks, and proposed a PageRank-like algorithm, to rank nodes in an opinion network. In [15] they proposed TwitterRank, an extension of PageRank algorithm, to measure the influence of users in Twitter, taking both the topical similarity between users and the link structure into account.
Proposed Approach
We address the problem of detecting influential bloggers, or as in our case, micro-bloggers, aka. Twitter users, taking into consideration that a user's influence varies by topic genres. We want to make use of user features, collectable from Twitter, which may be used to provide insight to the user's online behaviour and involvement. Taking lead from the analysis and conclusions reached by [1] , [3] , [6] and [11] , we believe influential members in a community to be active individuals, recognized by many and are able to generate activity by writing posts that would interest others. We propose the following approach. The approach consists of 3 main steps: collecting data from Twitter, developing a model for identifying the influential members, and then finally evaluate our findings with the proposed evaluation method. This section explains each of these steps in detail.
Data Collection using the Twitter API
In order to identify the influential members discussing certain topics, we will need to retrieve, study and analyze the data available about the active users on Twitter. Luckily, the Twitter platform offers access to that corpus of data, via APIs. An information retrieval tool was developed to get basic user information required for some experimentation. The Search API was used to query the recent Tweets including a certain keyword or hash-tag, and return a collection of relevant topic-specific tweets. From this collection of tweets we are able to extract the authors who had posted these tweets and some of the interactions between the users, such as mentions and retweets. Using the REST API we were able to retrieve some of the users' basic information.
Developing a Model for Identifying the Influential Members
We decided to try solving the problem of identifying influential members in a social network via a mathematical model. Given the spars nature of the user and tweet data, we want to find a way to use it to our advantage and devise a model for scoring the user influence. The model would put a numerical score representing a user's influence in regards to a certain topic or event, while utilizing the users' features and tweet information. Before applying our model to score and rank the users, we decided to exclude news sources and listeners from the users in what we call the user filtering phase. News sites are informative and relay news, but do not express opinions that may affect the opinions or decisions of others in the same more direct manner a person might. As for listeners, they are users who follow many, but have very few followers. Also, they may not be very active and often do not have many original posts, but mostly retweets. Listeners would log on to Twitter for updates on the latest happenings, events and trends, or maybe to check out the opinions of the people in certain communities or circles. Accounts from both these groups do not have the basic features that make up an influential member in a network. The remaining users will then move forward to the scoring phase.
Given the Twitter data, we want to find a way to use it to our advantage and develop a parameterized model for scoring the user's influence. An active user discussing a topic of interest is most probably bound to appear in our search results and included in our analysis. A popular or highly recognized user regularly exhibit high follower count and may often be mentioned by many. Finally, retweets of a user and mentions with the user's name in the post indicate the user's ability to generate interesting content and engage their audience in conversation or provoke response. The score for each user i is calculated by, An optimization algorithm will be required to get a set of weights assigned to the user features for the most accurate ranking.
Evaluation Method
To evaluate our ranking we make use of Klout Scores (http://www.klout.com) as a reference point. Klout scrapes social network data and creates profiles on individuals and assigns them a "Klout score". Klout scores range continuously from 1 to 100, with higher scores corresponding to a higher assessment by Klout of the breadth and strength of one's online influence. From Twitter, Klout measures influence by using data points, such as following count, follower count, retweets, list memberships, how many spam or dead accounts are following a user, how influential the people who retweet are, and unique mentions. Even though it has received some criticism, it is widely popular and highly regarded by individuals, researchers and business alike. An API for Klout is available and easy to use, to retrieve users' Klout scores. These scores are used as a reference for evaluation. Using the correlation between our model's scores and the Klout scores as indication of how relevant or close to the truth our ranking model is.
The lack of an obvious reference point with accurate information regarding influential users on Twitter got us to resort to a manual evaluation approach to further validate our results. By going to a user's Twitter profile page, we are able to view that user's posts, and observe their content, style, activity and even some of their interactions with other users. However, more important than all that is how a user utilizes their Twitter mini- (1) biography. It is one of the decisive factors when deciding whether to follow or not follow that person. A good bio would often include a few critical keywords that would describe the user and the nature of the posts. Also, some users would include a web-link, for example, to their Facebook page, an official webpage, a personal blog or Youtube channel. Finally, we would search the web to find if any online record or information about that user, such as published work or citations, existed. Manual evaluation, however, is very labour intensive and can only be carried out on a limited scale. For a list of ranked users, manual evaluation of a few selected users from different parts of the list could give indication of how good the ranking model is. High ranking users should appear to be more prominent than the others, and usually, if not public figures, they would often be writers, journalists, activists…etc. people with a cause or opinion, and have something to say, which is often obvious in their having more original posts and correspondences than retweets.
Results and Discussion
In this section we describe the dataset we used, how we carried out the user filtering, the scoring model formulae and our manual optimization trials and results.
Dataset
Twitter was queried for tweets including the word "egypt". A total of 3222 Twitter users were extracted, as the tweet authors, from the collection of 8168 Tweets retrieved over the space of 2 hours on April 29 th . We retrieved the following information for each of the 3222 Twitter users: the user screen name, the number of Friends, the number of Followers, the number of Listed, and from the Tweets collected: the number of tweets mentioning or retweeting that user and the number of tweets posted by that user. We can guarantee that these users are productive, or at least, recently active, since if they weren't they wouldn't have been retrieved by the Twitter Search API which returns the latest results. For the experiments discussed in this section, that information makes up the features available for each of the users. These features will be analyzed for both user filtering and developing the scoring model.
User Filtering
We will not consider news sources as influential member candidates, and listeners have very little audience to be considered as influential. For our preliminary experimentation we settled on the following as a means of filtering users: A list of news sources was manually assembled. If a screen name is encountered on that list, that account is categorized into the news sources group. A user with less than 10 followers doesn't have enough audience and is most probably a listener and would thus be categorized into the listeners group. Users from both the news sources group and the listeners group are excluded from the users to be ranked by the model. As for the remaining 1382 users, they will be ranked by our influence scoring model.
The Scoring Model and Evaluation
The Equation (1), using the user information available as parameters, seemed promising to produce a score i to rank the user i based on how influential they are. The use of the number of Followers, Listed, and Mentions and Retweets were highly favourable. Even though it was thoroughly discussed in the literature that the follower count alone is not a good indicator of influence, it is in fact an important factor to be taken into consideration. It reflects user's popularity and size of their audience. Highly read people are usually listed in many reading-lists. Followers would often make different lists for different interests and group the interesting people they would like to focus on in these lists. The number of retweets indicates the ability of a user to generate content with pass-along value. Finally, the number of mentions containing one's name indicates the ability of that user to engage others in conversation. We want to investigate the outcome scores of the formula using different values for w f , w l and w m to determine which of the features should hold more weight when deciding on a user's influence,
Experiment Plan
Initially, three trial runs were carried out; for each of the three weights, w f , w l and w m , a weight value of 0.6 was given to one of them and a value of 0.2 to the other two weights. The Klout scores of users are retrieved and used to evaluate how good the ranking produced by a formula is. The correlation between the formula scores and the Klout scores was then calculated to determine which set of weights gave closer results to our reference point. A summary of the results of these three initial trial runs is shown in Table 1 . These runs helped determine which of the three user features gives a higher indication of that user's influence. Once we had the formula resulting in the highest correlation, we carried out a few additional experiments; trying out different values for the weights to see the effects of weight adjustment, as shown in Table 2 and Table 3 .
For each combination of values for w f , w l and w m , we carried out the following: Rank the users in descending order, according to their scores then get the Klout scores for those ranking in the top 20. We then calculated the correlation between the formula scores and the Klout scores. The higher the correlation, the better the weights. An example of which can be seen in Table 4 .
The Outcome
The highest correlation value in the group of initial runs, shown in Table 1 , was 0.58, of trial number 3, which shows that the number of followers is a highly regarded indicator of a user's influence. The more audience a user has, the more their message will spread out. Since the correlation value attained by trial number 3 is better than the other two trials, we will proceed our investigation, changing the weight values of w l and w m while keeping w f = 0.6 or higher. Table 2 shows that ranking a group of users using the formula, with the fifth set of weights assigned, is more agreeable to our goal of identifying the stronger, more influential users in a group; the ranking of the users as shown in Table 4 . The highest correlation value, 0.616995324, was in Experiment 5, at w f = 0.6, w l = 0.3 and w m = 0.1
Additional experimentation with different weight values was carried out, while keeping the weight value of w f the highest of the three, as shown in Table 3 , to further validate the results reached and to explore how further weight alterations can affect the scores and ranking outcome. None of the correlation values in Table 3 show as high a value as that attained by trial number 5 in Table  2 . The reason a user is ranked in the top is because, due to the formula, they are highly followed, listed, retweeted and/or mentioned. However, for further proof that these users are in fact prominent members in their communities, we carried out the manual evaluation approach, discussed in the previous section, on the top three high ranking users. From Table 5 , which contains some information about a sample of highly ranked users, it seems that people are attracted to known public figures. They are usually highly regarded, and people usually either trust their opinions or are curious to know their views, and are thus very highly followed, usually listed and their posts often retweeted.
Discussion
Even though the query posed is "egypt", the highest score is for a professor in King Saud University who could be Saudi. This may seem quite odd and unexpected, but that may probably be due to the search query being a bit vague and the fact that Egypt's Arab neighbors may be discussing the issues and events the country is going through, especially during its recent political transitional period. We presume a more specific search query would probably return a more focused and localized collection of tweets and maybe result in a more obviously relevant group of authors.
Another point of discussion is, as we had expected, our scores are not similar to those of Klout's. Some users would be scored by our model differently even though they would have close Klout scores. That is justifiable by the fact that we are looking at a smaller, more localized group of users discussing an issue of common interest to them. Klout evaluates based on a broader view of the network than we do. It does not reveal its methodology or the extent of the data it analyses, and so we cannot explain the Klout scores. Klout does however include into its calculations the same factors we do in addition to several others. On the other hand, our scores are affected by a user's follower count, listed count and the number of recent retweets and mentions in the collection of tweets discussing a certain topic within a time window. Also, the users' influence scores are to an extent relative to one another's within the collection of tweets.
Conclusion
Influential members in a social network can be responsible for starting a buzz or getting members of the community to notice a new trend, product, adopt an opinion, or even follow recommendations and advice. We are interested in the problem of identifying which Twitter users are leaders and have influence on fellow users. The micro-blogging service Twitter has become a very popular tool for expressing opinions, broadcasting news, and simply communicating with friends and people with common interests. Twitter is not only interesting because of its real-time response, but also because it is sometimes ahead of the newswire. For companies, organizations and governments, it is of great importance to learn about opinions in order to assess chances and risks, and identifying influential users for certain topics can improve the quality of the opinions gathered.
After having removed the news sources and listeners from a group of users discussing a certain topic during a time frame, we score and rank the remaining users using our influence scoring model, making use of the number of followers, friends, listed, and the number of retweets and mentions in the collection of posts published by these authors. We assign different weights to the user features used in the model until we reach promising results. Our model's scoring and ranking is evaluated by using Klout as a reference point. The correlation between the users' Klout scores and model scores are calculated and used as a fitness function, where the higher the correlation value, the closer our model is to the truth. Manual evaluation was also carried out on a sample of the high ranking influential users to reveal who they are and if they are in fact prominent users in a community.
In reference to the literature reviewed and the work done in this area, the work done so far appears promising. However, due to the lack of training or testing data to evaluate the efficiency of any proposed model, and the absence of an obvious reference point with accurate information regarding influential users on twitter, a direct comparison between different approaches is difficult. As many other researches did, we would finally resort to manual evaluation to confirm our results.
Our work has potential for further improvement. More user features can be incorporated in the scoring model. Also, the tweet text content could be analyzed and extract features from it that may reflect upon the author's style and behavioral patterns. The quality of the user filtering phase, to filter out news sources and listeners, may be improved and become more thorough with the aid of Machine Learning algorithms. And, last but not least, with additional features, the scoring weight adjustment becomes a bigger optimization problem that would probably be better tackled using an evolutionary approach, such as Genetic Algorithms.
